Abstract. Estimates of covariance components among all 22 traits considered in the current multi-trait genetic evaluation of Australian Hereford cattle were obtained. Traits included 5 weight traits, 8 traits measured through live ultrasound scanning, 3 traits related to reproductive performance, and 6 carcass traits. Estimates were obtained by restricted maximum likelihood, carrying out a series of bivariate analyses. Data for each analysis were selected attempting to maximise the number of animals or animal-parent pairs that had both traits recorded. Estimates were pooled using a weighted 'iterative summing of expanded part matrices' procedure, which ensured positive semi-definite covariance matrices. Models of analyses for individual traits closely resembled those used in genetic evaluation. Results generally agreed with literature results, although estimates of genetic parameters for carcass traits that had few records available tended to fluctuate. Except for 'days to calving', heritability estimates were moderate to high for all traits. Genetic parameters for early growth were different to those for other breeds, with maternal effects for weaning weight being considerably more important and the heritability somewhat lower.
Introduction
Today's genetic evaluation schemes for beef cattle generally involve multi-trait analyses. The Australian system, known by the trade name of BREEDPLAN, carries out an animal model analysis for more than 20 traits. From its beginnings, considering weight traits and individual herds only Nichol et al. 1985) , BREEDPLAN has evolved into a complex system incorporating weights, traits measured via live ultrasound scanning, reproductive traits and abattoir carcass traits, and all records for a breed (Schneeberger et al. 1991; Johnston et al. 1999) . Additional traits describing feed efficiency or temperament are included on a trial basis for some breeds, and calving ease is considered separately.
Prediction of breeding values requires covariance matrices, specific to each breed, for the traits considered, and all random effects fitted as input parameters. Ideally, these should be estimated for each breed and all traits in the analysis. Whilst there are a plethora of genetic parameter estimates for weights of beef cattle, relatively few analyses consider cross-correlations between groups of traits introduced more recently, i.e. ultrasound scan measurements, reproductive traits, and carcass records (Koots et al. 1994b) . Hence covariance matrices required are often constructed from estimates of variances and correlations from various analyses available for the breed, and literature values for correlations that are not available, but may have been estimated for other breeds or locations. Commonly, this involves several ad hoc decisions, both on which estimates to select and the procedure used to ensure that the resulting matrices are valid, i.e. positive definite or semi-definite. This paper presents estimates of the complete covariance and correlation matrices for Australian Hereford cattle, for the 22 traits included in the multi-trait genetic evaluation for this breed under BREEDPLAN version 4.1, employing a new method to obtain consistent, pooled covariance matrices.
Materials and methods

Data and traits
Data were extracted from the National Beef Recording System (NBRS) database, considering combined records for Hereford and Polled Hereford. Initially, data extracted in September 1999 were considered, with an update to May 2000 and March 2001 (and May 2002 for intra-muscular fat content records) extracts later. Raw data included pedigree information for 923050 animals, 1447065 weight records, 79394 scan records, 95618 days to calving records, and 40455 gestation length records, but only 1388 abattoir carcass trait records.
Basic edits eliminated small proportions of records for animals with missing birth date or date of recording, unknown sex, and records before 1980, as well as any erroneous records identified by range and
Reproductive traits
Three traits describing reproductive performance were analysed. Scrotal circumference (SS) records for bulls were selected analogously to scan traits. Gestation length (GL) was considered to be a trait of the calf born at the end of gestation. Repeated records per cow were considered for days to calving (DC). Records in contemporary groups (CG) with calving rates of <60% were excluded, assuming that this reflected a flaw in reproductive performance of the service sire. Only records for cows mated by natural service were used. Records for cows with a successful calving were the number of days from the date the bull entered the mating paddock to the calving date. Cows not calving were assigned the highest value in their CG plus a penalty of 21 days (Johnston and Bunter 1996) .
Carcass traits
Carcass records were collected from abattoirs under the meat quality research project conducted by the Australian Cooperative Research Centre for Cattle and Beef Industry ('Beef CRC'). Traits considered were carcass weight (CWT), percentage retail beef yield (CRBY), percentage intra-muscular fat (CIMF), eye muscle area scanned pre-slaughter (CEMA), and subcutaneous fat depths at the 12th/13th rib (CRIB) and the P8 site (CP8), respectively. Only records for animals with CWT recorded were retained. Further details on trait definition and data collection are given by Reverter et al. (2000 Reverter et al. ( , 2003 .
Model of analysis
The model of analysis for all traits adhered closely to the corresponding BREEDPLAN model. All analyses fitted CG as fixed effects, and assumed an animal model, i.e. fitted animals' additive genetic effects as random effects. Additional random effects fitted, i.e. genetic and permanent environmental maternal effects and animals' permanent environmental effects were fitted as appropriate for individual traits. Preliminary, univariate analyses were carried out for all traits, fitting the same model as used for multivariate analyses as well as a model including the random effects due to sire × herd (S × H) subclasses in addition. Pedigree records for all animals with records and 2 further generations backwards were utilised, i.e. parents and grand parents of parents not in the data were included in the analysis.
Weights
CG for early weights were defined as herd-sex of calf-management group-date of weighing subclasses. For BW, year-month rather than actual date was used. In addition, an 'age slicing' of 45 days (WW) or 60 days (YW and FW) was applied, i.e. CG classes were subdivided further, if the range in ages at weighing exceeded the given number of days. Other fixed effects fitted were birth type (single v. twin), and the so-called 'heifer factor', i.e. an age of dam status effect (heifer v. cow). Age at weighing was fitted as a linear covariable for each sex (heifers, bulls, steers), and age of dam was taken into account as a linear and quadratic covariable. Both genetic and permanent environmental maternal effects were fitted as additional random effects.
For MCW, CG were defined as herd-herd of origin-lactation status-management group-date subclasses, with 2 classes for lactation status, wet or dry. Age at weighing was fitted as a linear and quadratic covariable. With up to 6 repeated records per animal, direct permanent environmental effects were fitted as additional random effects.
Scan traits
Fixed effects in the model for scan traits were the same as weights taken at corresponding ages, i.e. YW or FW. Sex effects were accounted for by the trait definition. No additional random effects were included in the analysis.
Reproductive traits
The model for SS was the same as for scan traits. For GL, CG defined as herd-year/season of birth-birth type-sex of calf subclasses, with seasons classified as 'autumn' (January-June) and 'spring' (July-December) calvings, were the only fixed effects fitted. With GL treated as a trait of the calf, both genetic and permanent environmental effects of the dam were important, and fitted as additional random effects. CG for DC were defined as herd-service sire-'bull in' date-previous lactation status × age subclasses. There were 4 categories for the latter, namely 2-year-olds ('dry'), 3-year-olds with a previous calf ('wet'), 3-year-olds without a previous calf ('dry'), and others. Again, no other fixed effects were fitted.
Carcass traits
Carcass records were pre-adjusted for age or weight using linear and quadratic regression coefficients given by Reverter et al. (2000) . CWT was adjusted to an age at slaughter of 650 days and the remaining traits were adjusted to a carcass weight of 300 kg. CG for carcass traits were defined as herd of origin-'kill regime'-sex of animal subclasses, where 'kill regime' encompasses date of kill, abattoir, finishing regimen (pasture v. grain), and target market (domestic, Korea, or Japan). No other fixed or additional random effects were fitted.
Statistical analyses
Covariance components were estimated by restricted maximum likelihood (REML), employing an average information algorithm together with an additional derivative-free search step to check for convergence. All calculations were carried out using DFREML v.3.0 (Meyer 1998) , using a combination of derivative-free and average information algorithms. Whilst approximate sampling variances of estimates were available for some individual analyses, approximation for others failed. Hence no sampling errors are given. Pedigrees were 'pruned' for analyses not fitting maternal genetic effects, i.e. parents without records, a single offspring only, and no pedigree information themselves, were treated as unknown. Covariances between direct and maternal genetic effects were assumed to be zero throughout.
Univariate analyses
Two univariate analyses, including and excluding S × H effects, were carried out for each trait. For traits with comparatively few observations, all records available were considered. For traits with large numbers of observations, i.e. BW, WW, YW, and FW (with a total of 260004, 544212, 309991, and 215682 valid records available), records in the largest herds only were selected for analysis. Records in small CG classes were disregarded, requiring a minimum of 2 records per subclass for carcass traits and live intramuscular fat percentage, and 3 records for all other traits. Characteristics of the data structure for univariate analyses are given in Table 1 .
Multivariate analyses
In total, 231 bivariate analyses were carried out to estimate all covariances and correlations between the 22 traits. Bivariate analyses ignored S × H effects. In addition, a multivariate analysis considering all 6 carcass traits simultaneously was performed.
With greatly differing numbers of records per trait, different strategies had to be employed in extracting datasets for individual analyses. In doing so, the aim was to maximise number of 'pairs' of records for the traits considered, whilst keeping the total number of animals in the analysis reasonable-about 50000 or less if maternal effects were fitted and about 80000 or less otherwise. To accommodate traits measured on a distinct subset of animals and to utilise information on relatives, 'pairs' were defined to include both traits measured on the same animal as well as one trait measured on the animal, the other on one of its parents. If few animals had records for both traits (less than 60) in an analysis, records for one of the traits were deleted for these animals, usually records for the trait with more information, to avoid spurious estimates of environmental covariances based on few observations.
For the traits with relatively few observations, i.e. the carcass traits, live intra-muscular fat percentage, and MCW, all records available were utilised throughout. In bivariate analyses of these traits with scan traits and SS, all observations for the latter were included. Whilst this resulted in analyses with large numbers of animals and imbalance in the number of records per trait, it was considered necessary in order to maximise the amount of information on genetic covariances available through pairs of relatives, especially if traits were measured on distinct subsets of animals. Similarly, for bivariate analyses of these traits together with weights (except MCW), all weight records in herds (herds of origin for carcass traits) that had records for the former trait were used. There were 'pairs' of records (as defined above) for joint analyses with GL or DC. Hence, these analyses utilised all records for GL in herds with any 'pairs' as well as all records in herds with at least 10 observations for GL or 50 observations for DC, respectively.
For bivariate analyses among scan traits (except IMF.H/IMF.B) and SS, again all records in herds with 'pairs' of records were extracted. For joint analyses of these traits together with weights (except MCW) and GL or DC, or GL/DC together with a weight (except MCW), parents without records for the second, more numerous trait were ignored in counting 'pairs'. Records extracted for the latter were then restricted to those part of a 'pair', and all records in the same CG as these records. Finally, for analyses involving 2 weight traits (except MCW), a similar strategy was applied, restricting records to those being part of a pair for both traits, and additional records in the same CG for the weight with more records were only added until a CG size of 10 was reached. Whilst this maximised information for genetic covariances between traits while restricting the size of analyses, it resulted in some distortion of sex ratios in the resulting datasets. If the first trait, i.e. the trait with fewer observations available, was measured on both sexes, there were more records on females than on males for the second trait (as we added more dams than sires). If the first trait was sex-limited, most records for the second trait (weight) were records for that sex. Numbers of records for each trait in bivariate analyses with the 21 other traits are summarised in Table 2 . Corresponding numbers of animals in each analysis in total, i.e. including parents without records, and numbers of animals with records for both traits are given in Table 3 . Fluctuations in numbers can be attributed to using records from different data extracts, or elimination of records for small numbers of animals with records for both traits. In addition, selected analyses-with small numbers of 'pairs' of records-were repeated including an additional generation of pedigree information.
Combining results
Results from bivariate analyses and the 6-variate analysis were combined using the 'iterative summing of expanded part matrices' approach suggested by Mäntysaari (1999) , extended to allow for differential weighing of results from individual analyses, as implemented in program ITSUMCOV (Henshall and Meyer 2002) . This was carried out separately for each source of variation. For residual covariances, it was applied to the sum of temporary and permanent environmental covariances (analyses involving MCW and DC). Phenotypic covariances were calculated as the sum of direct and maternal genetic, maternal permanent environmental, and residual components.
Algorithm
Consider q traits, and let V t of size q × q denote the covariance matrix among all traits for the tth iterate. Furthermore, let C s represent the matrix of covariance estimates from the sth analysis, of size k s × k s (k s = 2 for bivariate analyses). Define a transformation matrix P s , of size q × k s , which has k s elements of unity, p ij = 1, if the ith trait overall is the jth trait in the sth analysis, and zero otherwise. Pre-and postmultiplying C s with P s and its transpose, P s C s P s ', yields the part matrix expanded to full size (q × q), with rows and columns of zeros for the traits not included in the analysis. The iterative summation scheme is then given as:
with I an identity matrix of size q, w s the weight for the sth analysis, and -denoting a generalised inverse. P s P s ' is a diagonal matrix with elements of unity for the traits represented in the sth analysis. Hence, pre-and post-multiplying V t with this matrix yields the submatrix of V t for the traits in the analysis, with the remaining rows and columns zero. Analogously, pre-and post-multiplication with (I -P s P s ') selects the submatrix corresponding to the traits not included in the sth analysis.
Initial values
Starting values for the overall covariance matrix were obtained by first averaging variance component estimates for each trait over all analyses (21 estimates for each trait). Estimates of correlations (single estimate for each correlation) were then combined in a q × q correlation matrix, and an eigenvalue decomposition of this matrix was carried out. If the combined matrix was not positive definite, all eigenvalues were regressed to their mean, choosing the regression coefficient so that, after regression, the smallest eigenvalue was equal to an operational zero of 10 -8 , a procedure generally referred to as 'bending' (Hayes and Hill 1981) . Pre-and post-multiplying the diagonal matrix of regressed eigenvalues with the corresponding matrix of eigenvectors and its transpose, respectively, then yielded a modified correlation matrix that was (semi-)positive definite. This was multiplied with the appropriate average standard deviations to yield an initial covariance matrix, V 0 , for the iterative summation scheme.
Weighing factors
A weighted summation was chosen since individual analyses differed substantially in the amount of records included, the number of animals with pairs of records, and the amount of genetic links available. Whilst some measure of accuracy of estimates derived from the inverse of the average information matrix (= lower bound sampling covariance matrix) for each analysis would have been desirable, this was not available for all analyses. Hence, weights chosen were the number of records per analysis (total number for both traits) plus the number of records multiplied with the ratio of the number of animals with pairs of traits to the number of animals represented in the data.
Results
Univariate analyses
Results from univariate analyses are summarised in Table 4 . Approximate lower bound sampling errors for estimates of genetic parameters are given for analyses omitting S × H effects. Corresponding values for analyses fitting S × H effects (not shown) were similar, albeit generally slightly larger, due to the extra parameter estimated. Estimates of the variance due to S × H effects (s 2 ) explained up to 10% of the phenotypic variation, with significantly increased likelihoods except for carcass traits. On the whole, estimates of genetic parameters for weights and scan traits agreed well with corresponding literature values.
The model for genetic evaluation employed by BREEDPLAN includes a S × H effect . This is fitted primarily to account for non-genetic similarities among progeny of a bull when management group recording has been inadequate or cows and calves remain in the same groups as at mating, rather than true genotype × environment interactions. Estimation of the variance due to S × H effects is often problematic, as genetic sire effects and environmental sire group effects can only be separated for sires used in multiple herds, i.e. in the main, bulls used via artificial insemination (AI). If the proportion of AI usage is low, too large a proportion of the variance between sires tends to be interpreted as variance due to S × H effects rather than genetic variance, leading to underestimates of the genetic variance and heritability estimates that are biased downwards. As shown in more − − V V P P 'V P P ' P C P ' P P 'V P P ' V I P P ' V I P P ' I P P ' 11.7 11.7 11.7 9.9 11.7 9.8 9. detail for weights of Australian Hereford cattle in Meyer (2003) , this bias can be substantial, especially for weaning weight and analyses with <50% of records on progeny of AI sires. Emphasis in the present study was on estimation of genetic correlations. Extracting datasets suitable for reliable separation of S × H and genetic sire effects in bivariate analyses would have lost considerable information on 'pairs' of traits. Whilst S × H effects significantly affected most traits in univariate analyses, bivariate analyses were thus carried out omitting S × H effects. This was expected to yield estimates of genetic variances slightly inflated by S × H effects (Meyer 2003) , but considered much less of a problem than substantial underestimates found in preliminary, bivariate analyses between weights and other traits that included S × H effects. Furthermore, both estimates of genetic variances and covariances were expected to be inflated in proportion, i.e. estimates of correlations were presumed to be little affected.
Multivariate analyses: pooled variances and variance ratios
Mean estimates (simple average) and ranges of variance components and genetic parameters for individual traits for the 21 bivariate analyses that each trait was included in are summarised in Table 5 . With non-independent datasets, variances of estimates across analyses do not give an indication of sampling variances. Where approximate sampling errors of estimates of genetic parameters were obtained, these were generally larger than their counterparts from univariate analyses given in Table 4 . Figure 1 shows the spread of estimates from individual analysis for one trait from each group. Clearly, estimates were most variable for traits with large numbers of records available, such as WW, and thus different subsets extracted for individual bivariate analyses. For traits where all records available were used in each analysis, such as CP8, fluctuations in estimates of variance components were much smaller.
Estimates of variance components and their ratios, pooled over multivariate analyses, are given in Table 6 . Using a weighted summation procedure as described above, values show slight deviations from the simple averages over analyses (Table 5 ), but deviations were generally well within the range of estimates across analyses.
Weights
Estimates of variance ratios for weight traits were well within the range of literature values; see, for instance, Mohuiddin (1993) or Koots et al. (1994a) for reviews. As found in other studies on Hereford cattle, estimates of the variance due to permanent environmental effects for WW were higher than in other breeds, amounting to 22% of total in this case. Whilst the estimate of the phenotypic variance (σ P 2 ) for WW was comparable with that reported for Herefords in other countries (e.g. de Mattos et al. 2000) , the estimate of the direct heritability (h 2 ) was lower, amounting to only 13%. For YW, σ P 2 was highest for a joint analysis with WW, suggesting a small effect of selection on the basis of WW, but this did not hold for subsequent weights.
Heritability for MCW was moderately high, with 39% and a corresponding repeatability of 77%. This is at the lower end of h 2 estimates for cow weights, with values of 50% or higher reported by various authors (e.g. Kaps et al. 1999; Arango et al. 2002; Rumph et al. 2002) .
Scan traits
As reported previously (Meyer and Graser 1999) , live ultra-sound scan traits measuring 'fatness' recorded on heifers and steers were consistently more variable and heritable than those recorded on bulls. This was accompanied by higher means, indicating that bulls might not have achieved a sufficient degree of finish to express full genetic variation at the time of scanning. Heritabilities overall were moderate and, on the whole, somewhat lower than comparable literature values (e.g. Crews and Kemp 2001; Devitt and Wilton 2001; Kemp et al. 2002; Stelzleni et al. 2002; Crews et al. 2003; Hassen et al. 2003) . It should be borne in mind though, that some of the latter were obtained using relatively small numbers of observations, whereas our estimates are based on a substantial body of field records.
Reproductive traits
In line with most other studies considering this trait, h 2 for SS was high, amounting to 50%. Koots et al. (1994a) reported a corresponding average literature value of 48%. For DC, however, h 2 was considerably lower than estimates of 12% and 11% obtained for Angus in Australia (Johnston and Bunter 1996) and New Zealand (Morris and Cullen 1995) , but was close to an earlier estimate for Herefords of 5% (Meyer et al. 1991) . Koots et al. (1994a) gave an average literature value of 8% for the analogous trait 'Date of Calving'. Direct heritability estimates for GL, treated as a trait of the calf, are generally moderate to high, whereas corresponding maternal heritability estimates (m 2 ) are low. Our estimates of 39% (h 2 ) and 5% (m 2 ) agreed well with values of 36-42% (h 2 ) and 2-13% (m 2 ) reported by Azzam and Nielsen (1987) , and values of 37% (h 2 ) and 9% (m 2 ) obtained by Wray et al. (1987) . Fig. 1 . Estimates of variance components (᭞ phenotypic; ᭝ direct, additive genetic; ᮀ maternal, additive genetic; ᭺ maternal, permanent environmental; ᭛ residual) from individual analyses and corresponding means (shown as closed symbols for the trait considered) for weaning weight (WW), gestation length (GL), P8 fat depth measured on bulls (P8.B), and carcass P8 fat depth (CP8).
Carcass traits
Carcass records utilised in this study were essentially the same as analysed by Reverter et al. (2000 Reverter et al. ( , 2003 . Some differences in estimates highlight the sensitivity of analyses considering such small numbers of records to small differences in the subset of records used, and the traits considered jointly. Corresponding literature values are generally based on similarly small datasets, and fluctuate over a wide range, with the consensus that heritabilities of carcass traits are moderate to high. Recent estimates can be found, for instance, in Crews and Kemp (2001) , Devitt and Wilton (2001) , Kemp et al. (2002) , Splan et al. (2002) , and Crews et al. (2003) .
Multivariate analyses: pooled correlations
Estimates of additive genetic correlations obtained from the pooled additive genetic covariance matrix are given in Table 7 , together with their counterparts from individual analyses. With 22 traits, some of which were highly correlated and some of which had very few records available, the matrix of original correlation estimates was highly inconsistent, with 5 negative eigenvalues, the smallest value of -1.63 being substantially below zero. Hence a bending factor of 0.380 would have been required to regress eigenvalues to their mean (1.000 for a correlation matrix) to ensure that all regressed values were non-negative. This was predominantly due to erratic results from analyses involving carcass traits; considering the other 16 traits only, corresponding values were -0.099 and 0.910. The summation procedure used was dependent on starting values. Furthermore, weights assigned to individual analyses only approximately reflected the information available and accuracy of estimates.
An initial attempt at pooling genetic covariances components for all 22 traits using a severely modified correlation matrix to obtain a positive definite matrix of starting values yielded implausible changes in some estimates of correlations based on relatively large amounts of data. Hence, pooled genetic covariances were derived in a 2-step procedure. First estimates from 120 bivariate analyses of the 16 weight, scan, and reproductive traits were pooled, as described above. In the second step, these were treated as if they were results from a 16-trait, multivariate analysis with a very large weight assigned, and combined with estimates from the 6-trait analysis of carcass traits and the remaining 96 bivariate analyses between carcass and other traits. This yielded very few changes in correlations among the 16 non-carcass traits from step 1 to step 2, whereas some Table 7 . Estimates of direct additive genetic correlations (× 100) from individual, multivariate analyses (above diagonal) and from pooled covariance matrix (below diagonal)
See headnote of Table 1 correlations with the carcass traits changed markedly. As shown in Table 7 , pooled estimates are by and large plausible, with the biggest changes from individual results for carcass traits. Figure 2 illustrates the effects of the procedure used to obtain a pooled, positive semi-definite covariance matrix on individual correlation estimates in more detail, and contrasts it with a simple manipulation of the eigenvalues of the matrix. Regressing eigenvalues towards their mean resulted in a reduction in magnitude (absolute value) of most correlations, substantially so for correlations close to unity. Values shown for WW and other non-carcass traits are those obtained by 'bending' the 16 × 16 for these traits; considering all 22 traits would have resulted in correlations considerably closer to zero. For WW, the trait with most data available, pooled correlations with other weights and those close to zero are virtually indistinguishable from original values. For CRIB, a carcass trait with few records available, most pooled correlations are quite different from the individual estimates, with the estimate between CRIB and IMF.B showing the largest change in the complete matrix.
Estimates of maternal genetic and permanent environmental correlations among the 5 traits (BW, WW, YW, FW, GL) for which corresponding effects were fitted are given in Table 8 . Table 9 finally, summarises estimates of residual and phenotypic correlations. Note that with sex-limited traits, several analyses involved pairs of traits measured on distinct subsets of animals. For these analyses, residual covariances were assumed to be zero and no residual correlation estimates are given. Corresponding phenotypic correlations then merely reflect the genetic covariance, 'diluted' by environmental variances.
Weight traits
In line with numerous other studies, estimates of genetic correlations (r A ) between birth and later weights were moderate, and correlations among WW, YW, and FW were high (Koots et al. 1994b) . Both genetic (r M ) and permanent environmental (r C ) maternal correlations between the 3 weights were very high, whereas estimates of r M and r C with BW were moderate (0.29-0.44) and low (0.22).
Estimates of r A between MCW and earlier weights were moderate to high, ranging from 0.49 to 0.75. Bullock et al. (1993) obtained estimates of 0.64, 0.80, and 0.89 for r A between mature weight of Polled Hereford cows and BW, WW, and YW, respectively, and Northcutt and Wilson (1993) found corresponding values for Angus of 0.57, 0.62, and 0.45. Kaps et al. (1999) small and negative, presumably reflecting that CEMA measurements were adjusted to a standard carcass weight. In contrast, Splan et al. (2002) reported small positive genetic correlations between WW and eye muscle area or fat depth. Correlation between liveweights and CWT ranged from 0.57 to 0.70, and corresponding values for CRBY from 0.47 to 0.58. Whilst estimates of r A between weights and GL as a trait of the calf were close to zero, corresponding values for maternal genetic effects were consistently moderately high, ranging from 0.52 to 0.59 (Table 8 ). In contrast, pooled estimates of r C for the 3 later weights were of similar magnitude, but negative. Estimates from individual bivariate analyses were close to unity (absolute value) and, to some extent at least, presumably an artefact of estimates of maternal permanent environmental variances for GL, which were close to zero.
Scan traits
Estimates of r A for the same scan trait measured on different sexes were moderately high, ranging from 0.67 to 0.85, and were comparable with earlier estimates for several breeds of Australian cattle obtained by Meyer and Graser (1999) . There were strong genetic correlations between the 2 fat depth measurements (P8 and RIB) within sex; 0.81 for heifers or steers and 0.89 for bulls. EMA showed no association with the other live scan traits. Intra-muscular fat levels (IMF) had low to medium r A with fat depth.
Fat depth and fat content measurements had low, but consistently negative estimates of genetic correlations with DC, with fat depth measurements on heifers showing a stronger relationship than scans on bulls. This implies that genetically 'fatter' cows tended to have better reproductive performance. DC records considered in this study used records on all cows, whilst genetic evaluation under BREEDPLAN requires cows to have a DC record corresponding to a first mating between 271 and 1730 days of age. Analyses considering this subset of DC records only, yielded estimates of r A from individual, bivariate analyses of -0.65 for P8.H and -0.85 for RIB.B, albeit with large sampling errors (Meyer and Johnston 2003) , indicating a somewhat stronger genetic association between 'fatness' and DC for heifers than for older cows.
Pooled genetic correlations between live-scan traits, adjusted to a constant age, and their carcass counterparts, adjusted to a constant carcass weight, ranged from 0.26 to 0.51 for fat content and fat depths, and from 0.17 to 0.22 for eye muscle area. Corresponding estimates from individual bivariate analyses were consistently higher, although on the whole not as high as found in other recent studies. Clearly, these values based on few records for the carcass measurements were given little weight and were thus reduced in the process of pooling covariances. For instance, Devitt and Wilton (2001) obtained estimates of r A between age-constant steer carcass and bull ultrasound measurements of 0.66 for eye muscle area and 0.88 for backfat thickness, and slightly higher values of 0.75 and 0.91, respectively, when considering weight-constant carcass measurements. Corresponding estimates reported by Kemp et al. (2002) were 0.69 (EMA) and 0.82 (RIB), and Crews et al. (2003) found r A of 0.80 (heifers) and 0.54 (bulls) for EMA and 0.83 (heifers) and 0.79 (bulls) for fat thickness.
Reproductive traits
Estimates of correlations among reproductive traits were low. GL is a component of DC. However, r A was only 0.2, i.e. variation in GL explained little variation in DC. As for 'fatness' traits measured by live ultrasound scanning, estimates of r A between DC and fats measured on the carcass were consistently negative, moderate at -0.5 for fat cover (CRIB and CP8), and somewhat weaker at -0.3 for marbling (CIMF).
Carcass traits
Correlations between carcass traits were estimated in an analysis considering all 6 traits, i.e. the corresponding block of the covariance matrix was positive definite. Due to highly variable and sometimes inconsistent estimates of r A between carcass and other traits, however, most correlations were reduced in size by the pooling procedure. Even more so than heritability estimates, estimated genetic correlations for carcass traits available are highly variable. In contrast to literature results (Moser et al. 1998; Pariacote et al. 1998; Devitt and Wilton 2001; Kemp et al. 2002) and results for Angus in the same research project (Reverter et al. 2000) , estimates of r A between CEMA and carcass fat cover (CRIB and CP8) were positive and moderate. Reverter et al. (2000) attributed this to the sampling of sires used. Similarly, estimates of r A between CWT and backfat were about -0.6, whilst Koots et al. (1994b) reported a weighted literature average of 0.29. More consistent estimates, pooling data from several temperate breeds in the 'beef CRC' research project, including those on Herefords used here, are given by Reverter et al. (2003) .
Discussion
Estimation of a complete genetic covariance matrix for numerous traits is an arduous task. High-dimensional multivariate analyses considering all traits are computationally infeasible at the present time. Not only that, disregarding computational constraints, analyses of more than 3 or 4 traits are notorious for producing erratic estimates on occasions, in particular where the estimation procedure converges at the boundary of the parameter space. The chances for the latter increase with the number of traits. Hence, bivariate or trivariate analyses are commonly chosen for routine estimation of genetic parameters. Using a series of bivariate analyses in this study ignored any selection on the basis of traits recorded early in life. However, as comparisons of variance component estimates for later weights from univariate analyses and analyses together with weaning weight showed, effects of selection on variance components were small to negligible. For traits with many records, analyses of only two traits together readily allowed extraction of subsets of records with a high number of animals or parent-offspring pairs that had records for both traits.
Reliable estimation of genetic parameters requires good data, i.e. sufficient amounts of reliable measurements and good pedigree structure. Estimates of covariances among weight, live ultrasound scan, and reproductive traits by and large agreed with expectations and literature values. Clearly, however, estimates of genetic correlations for carcass traits were severely afflicted by the small number of records available for these traits and, moreover, as noted by Reverter et al. (2000) , suffered from problems associated with a sample of sires that might not have been fully representative of the population for these traits. In addition, fixed effects may not have been estimated reliably. Estimates involving these traits should hence be regarded with caution, and estimation should be repeated when more data for these traits become available.
For multivariate analyses involving many highly correlated traits, a substantial reduction in dimensionality can be achieved by re-parameterising to principal components corresponding to the dominating eigenvalues of the covariance matrices. An eigenvalue decomposition of the 16 × 16 genetic covariance matrix for weight, scan, and reproductive traits showed that the linear combination of the 16 traits given by the eigenvector corresponding to the largest eigenvalue explained 72.0% of the total genetic variation. Similarly, the second and third largest eigenvectors and eigenvalues explained 16.9% and 5.7%, respectively. Considering that the first 11 largest eigenvalues captured 99.9% of total genetic variance, the number of genetic effects estimated in a multivariate analysis could be reduced by ~30% without any essential loss of estimation. Considering the estimated genetic covariance matrix for all 22 traits, the first and second eigenvalue explained 68.4% and 15.1% of the total genetic variation, whilst eigenvalues 1-9 accounted for 99.1% and 1-14 for 99.9% of genetic variance, respectively.
Conclusions
With some exceptions, such as weaning weight, genetic parameters for Hereford cattle in Australia are comparable with those for other breeds and countries. Except for days to calving, traits included in the multivariate genetic evaluation are moderately to highly heritable, and there are sizable genetic correlations among related traits or groups of traits. More carcass data are needed to determine the genetic relationships between carcass and other traits with confidence.
